Abstract. In the southwest United States, the current prolonged warm drought is similar to the predicted future climate change scenarios for the region. This study aimed to determine patterns in vegetation response to the early 21st century drought across multiple biomes. We hypothesized that different biomes (forests, shrublands, and grasslands) would have different relative sensitivities to both climate drivers (precipitation and temperature) and legacy effects (previous-year's productivity). We tested this hypothesis at eight Ameriflux sites in various Southwest biomes using NASA Moderate-resolution Imaging Spectroradiometer Enhanced Vegetation Index (EVI) from 2001 to 2013. All sites experienced prolonged dry conditions during the study period. The impact of combined precipitation and temperature on Southwest ecosystems at both annual and sub-annual timescales was tested using Standardized Precipitation Evapotranspiration Index (SPEI). All biomes studied had critical sub-annual climate periods during which precipitation and temperature influenced production. In forests, annual peak greenness (EVI max ) was best predicted by 9-month SPEI calculated in July (i.e., January-July). In shrublands and grasslands, EVI max was best predicted by SPEI in July through September, with little effect of the previous year's EVI max . Daily gross ecosystem production (GEP) derived from flux tower data yielded further insights into the complex interplay between precipitation and temperature. In forests, GEP was driven by cool-season precipitation and constrained by warm-season maximum temperature. GEP in both shrublands and grasslands was driven by summer precipitation and constrained by high daily summer maximum temperatures. In grasslands, there was a negative relationship between temperature and GEP in July, but no relationship in August and September. Consideration of sub-annual climate conditions and the inclusion of the effect of temperature on the water balance allowed us to generalize the functional responses of vegetation to predicted future climate conditions. We conclude that across biomes, drought conditions during critical sub-annual climate periods could have a strong negative impact on vegetation production in the southwestern United States.
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IntroductIon
Global climate change is expected to result in altered hydroclimatic conditions which can, in turn, disrupt key ecosystem processes (IPCC 2013) , including aboveground net primary production (ANPP) (Zhao and Running 2010) . In the southwestern United States (Southwest), warm droughts are projected to increase in frequency and duration (Seager et al. 2007 , Cayan et al. 2010 , Seager and Vecchi 2010 . Already, the early 21st century has brought prolonged drought, warm temperatures, and extreme rainfall events to the Southwest (Easterling et al. 2000 , MacDonald 2010 ). Yet, ecosystem responses to climate variability are not fully understood, and thus the response of ANPP to projected climatic conditions is highly uncertain. Understanding plant functional responses to climate variability is necessary to improve our ability to predict vegetation response to global climate change. Such predictions are essential for assessment of climate change impacts on ecosystem services, land and water resources, and the carbon and water cycles (Backlund et al. 2008) .
Regional patterns in vegetation response to climate drivers are ecologically complex and difficult to discern. Distinguishing between natural interannual variability and directional change in vegetation productivity requires a multiyear data record (i.e., 10 yr or more) (Moran et al. 2008 ). Such long-term studies, often conducted at a single experimental site, can determine the within-site relationship of productivity to climatic variability across time (e.g., Lauenroth and Sala 1992) and discern production legacies during drought .
Interannual variation in vegetation productivity within-sites is thought to be broadly explained by both life history and biogeochemical interactions (Huxman et al. 2004 ). However, a global analysis of the impact of drought on satellite, dendrochronological and in situ estimates of vegetation productivity indicates that empirical drought response mechanisms underlying these dynamics vary between ecosystem types (VicenteSerrano et al. 2013) . Warm drought conditions caused widespread mortality in U.S. Southwest forests (Breshears et al. 2005 , Allen et al. 2010 ), but caused shifts in the functional response of ANPP to precipitation in Southwest desert grasslands (Moran et al. 2014) . The most important inter-annual climatic drivers between different ecosystem types are not resolved. Some cross-biome studies conclude that inter-annual variability in vegetation productivity is insensitive to variation in precipitation (Knapp and Smith 2001, Hsu et al. 2012) , whereas others report strong relationships between productivity and precipitation variation across biomes (Fang et al. 2001 , Ma et al. 2013 .
The interpretation of inter-annual effects of drought may be further complicated by withinyear or intra-annual variation in precipitation and temperature. In grasslands, the timing of interannual variation in climate drivers affects ecological processes (Craine et al. 2009 , Craine 2013 . Grassland productivity showed differential sensitivity to precipitation and temperature at distinct time periods during the growing season (Craine et al. 2012 , Craine 2013 . Such studies underscore the need to consider not only the magnitude, but also the sub-annual timing of precipitation and temperature. Although the existence of these "critical climate periods" have been identified in grasslands, further exploration of the effects of sub-annual climate conditions in shrubland and forest biomes is necessary.
Many studies have considered the functional relationships between climatic drivers and productivity (e.g., Vicente-Serrano et al. 2013 . To investigate plant functional responses across a range of ecosystem types in the Southwest, we attempt to identify mechanisms driving variability in these responses. We focused here on those mechanisms that underlie vegetation response to climate variability, recognizing that plant physiology and biogeochemical interactions further underlie these relationships. Using a combination of decade-long observations to address interannual variability and fine-temporal-resolution in situ data to identify mechanisms across multiple ecosystem types, it is possible to generalize vegetation response to climate variability. For example, Ma et al. (2013) coupled ground measurements of photosynthesis with 13 yr of satellite observations of vegetation greenness to characterize spatial and temporal variability in savanna phenology across an ecological rainfall gradient in Australia. Here, we investigate inter-and intra-annual changes in gross ecosystem productivity and ecosystem phenology as ecological mechanisms contributing to v www.esajournals.org
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previously observed patterns in responses of aboveground net productivity (Ponce-Campos et al. 2013 , Moran et al. 2014 ) and explore their environmental controls empirically.
This study assessed long-term dynamics in productivity at multiple sites across biomes, and then interpreted those dynamics based on mechanisms identified with high-temporal-resolution in situ measurements at each site. We used satellite observations of the Enhanced Vegetation Index (EVI) from the Moderate-resolution Imaging Spectroradiometer (MODIS) to estimate peak greenness (EVI max ) at eight eddy covariance flux tower sites from the Ameriflux network. Sites were chosen across the Southwest and represented several dominant biomes in arid and semiarid ecosystems: grasslands, shrublands, and forests. First, we developed biome-specific models of interannual EVI max in relation to annual and sub-annual climatic drivers including precipitation and temperature based on long-term (13-yr; 2001-2013 ) EVI measurements at each site. We derived four empirical models from recent influential studies of the relationship between vegetation production and climate drivers. We then determined the most parsimonious model that explained variation in EVI max for each biome. Then, we interpreted these results using daily estimates of gross ecosystem production (GEP) measured with the eddy covariance method. This coupled approach afforded us the unique ability to generalize responses of plant productivity to changing hydroclimatic conditions across Southwest ecosystem types. The study was framed in the context of the 21st century drought, a prolonged drought coupled with warm temperatures that is thought to be similar to predicted future conditions in the Southwest (MacDonald 2010).
MaterIals, Methods, and Models

Study sites
This study focused on eight experimental sites from the Ameriflux national eddy covariance network (http://ameriflux.lbl.gov/). These study sites represent a variety of Southwest biomes, elevations, and varied precipitation and temperature regimes (Table 1) . Locations include three forest sites in New Mexico and Arizona, three shrubland sites in New Mexico and Arizona, and two grassland sites in New Mexico and Arizona (Fig. 1) . The sites range in elevation from 1116 m at US-Srm to 3003 m at USVcm, in mean annual precipitation (MAP) from 242 mm at US-Seg to 659 mm at US-Fuf, and in mean annual temperature (MAT) from 5.4°C at US-Vcm to 18.4°C at US-Srm. Study sites include two sets of paired grassland-shrubland sites: US-Seg and US-Ses at the Sevilleta National Wildlife Refuge and LTER site, and US-Wkg Notes: International Geosphere-Biosphere Programme (IGBP) vegetation classification for each site is presented. All site data were compiled from publicly available information provided by Ameriflux principal investigators to the Ameriflux Site and Data Exploration System provided and maintained by Oak Ridge National Laboratory (ORNL) (http://ameriflux.ornl.gov/), except for mean annual temperature (MAT) and mean annual precipitation (MAP). MAT and MAP were derived from Daymet long-term daily climate data 
Climate data
Daily precipitation and temperature data for each site were obtained from the Daymet data set through the Oak Ridge National Laboratory Data Archive and Distribution Center (ORNL DAAC) (http://daymet.ornl.gov/). The Daymet data set provides estimates of daily meteorological parameters over North America on a 1 × 1 km grid (Thornton et al. 1997) . Estimates are derived from meteorological station data and interpolated and extrapolated to provide continuous estimates of precipitation and temperature data across the conterminous United States (Thornton et al. 1997) . Data are available for the last 34 yr, from 1980 through 2013. Daily precipitation, minimum temperature, and maximum temperature data were extracted for the 1 × 1 km pixel encompassing each Ameriflux site. Total annual precipitation (P T ) was computed as a sum of daily precipitation in the hydrologic year (01 October to 30 September).
SPEI
The Standardized Precipitation-Evapotranspiration Index (SPEI) uses potential evapotranspiration (PET) and precipitation to characterize the drought conditions in a given area across dynamic timescales. Because it accounts for the effect of increased temperatures on the water balance, the SPEI is considered to be a better predictor of changes in ecological response to drought than other drought indices, especially in the summer (VicenteSerrano et al. 2012) . Additionally, the SPEI is multiscalar, allowing calculations at a range of timescales ranging from 1 to 48 months to examine impacts of both short-term and long-term water deficits (Vicente-Serrano et al. 2010) . The SPEI requires a calibration period to determine the average water balance (precipitation minus PET) and then calculates deviations from the average water balance. Negative SPEI values represent drought conditions and positive SPEI values represent wet conditions.
The SPEI was included as a predictor at 1-to 12-month timescales in this analysis. The SPEI was computed at the end of the growing season using three endpoints (September, August, and July). In all, 36 SPEI models (12 timescales × 3 endpoints) were calculated for each biome.
The SPEI was computed from the Daymet data at 1 × 1 km resolution using a software package housed in the R language (R version 3.0.2) and environment for statistical computing (R Core Team 2013) . Daily Daymet data were aggregated to monthly for the computation of PET and SPEI. The tools for calculating PET and SPEI are Fig. 1 available in the package "SPEI" . We used the function "thornthwaite" to calculate PET according to the Thornthwaite equation (Thornthwaite 1948) , and the function "spei" to calculate SPEI from PET and daily precipitation. Daytime average temperature was estimated from daily T max and T min from the equation for daylight weighted average air temperature (Running et al. 1987 ). The calibration period for SPEI was January 1980 to December 2013.
To put the 21st century drought in historic context, SPEI was also obtained from the SPEI Global Drought Monitor (http://sac.csic.es/spei/map/ maps.html) at 0.5 degrees from January 1950 to December 2010. At this coarse resolution, the paired US-Seg and US-Ses sites and the US-Vcm and US-Vcp sites fell within the same SPEI tile. The calibration period for SPEI from the Global Drought Monitor was January 1950 to December 2010. Calculation of PET was based on the Thornthwaite equation (Thornthwaite 1948) .
For the purposes of explanation, SPEI > 0.5 was considered a wet spell, 0.5 > SPEI ≥ −0.5 is normal, and SPEI < −0.5 was moderate drought, and SPEI < −1.3 was severe drought. These drought classifications were based on the Drought Severity Classification for the Standardized Precipitation Index (SPI) used by on the U.S. Drought Monitor (http://droughtmonitor.unl.edu/AboutUs/ClassificationScheme.aspx).
Remotely sensed EVI
We used satellite observations of the EVI from the MODIS to determine peak greenness. A widely used measure of greenness, EVI is defined as
where ρ NIR , ρ red , and ρ blue are atmospherically corrected surface reflectances for the nearinfrared, red, and blue bands, L is the canopy background adjustment, C 1 and C 2 are the coefficients of the aerosol resistance term, and G is a gain factor (Huete et al. 2002) .
MODIS EVI data (MOD13Q1) were averaged over an area of 9 × 9 MODIS pixels (2.25 × 2.25 km) surrounding the eddy covariance flux tower at each site for the full MODIS time series (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) . There were 23 EVI scenes per year and 13 yr, totaling 299 EVI scenes for each site. Data were smoothed using TimeSat software (Jönsson and Eklundh 2004) .
Although previous studies have used integrated annual EVI (iEVI) as a surrogate for annual ANPP (e.g., Ponce-Campos et al. 2013 , Zhang et al. 2013 , Moran et al. 2014 , recent research suggests that evergreen forests have low spectral sensitivity to water stress (Sims et al. 2014) . However, satellite observations of forest greenness during the peak of the growing season were correlated with forest drought stress ). Here, we use the mean of the four consecutive maximum EVI observations in the growing season (EVI max ) as an estimate of peak greenness (Fig. 2) .
Flux data
Ameriflux sites use eddy covariance techniques to continuously measure CO 2 exchange between ecosystems and the atmosphere aggregated to 30-60 min intervals. Additionally, climate variables are measured at each flux tower, including precipitation, temperature, and vapor pressure deficit (VPD). Daily gap-filled GEP estimates and climate variables were obtained directly from site administrators. We used data from 4 flux sites with long-term (≥5 yr) data records: US-Fuf, US-Srm, US-Wkg, and US-Lhs (Table 1 ). There were 5 yr of GEP data available from US-Fuf, 10 yr from US-Srm, 7 yr from US-Whs, and 10 yr from US-Wkg.
Gross ecosystem production was derived from the following equation:
where NEE is net ecosystem exchange of CO 2 , R eco is ecosystem respiration, and GEP is gross ecosystem production. NEE is calculated directly from measured carbon dioxide flux and then partitioned into GEP and R eco (for site-specific methods see Dore et al. 2008 . Daily GEP estimates were used for interpretation, and specifically, to discern mechanisms underpinning modeling results.
Relationships among vegetation productivity, GEP and EVI max
Although both GEP and EVI max reflect carbon uptake by plants, EVI is a greenness index and GEP measures total photosynthetic uptake per unit of time. Plants make frequent The time series of EVI at the US-Fuf site showed little seasonal variation in greenness (Fig. 2a) and was thus not included in the annual models, but US-Fuf was still used for analyses involving GEP. The 2013 Thompson Ridge Fire in the Valles Caldera National Preserve affected both the US-Vcp and US-Vcm sites, thus 2013 was not included in the annual models for either site.
Modeling
To determine the relative importance of climate drivers and legacies in different ecosystem types, four models were evaluated. To allow for meaningful comparisons across sites, climatic variables and EVI values were standardized in these models, where the standardized values were the deviation of the i-year value from the 13-yr average in units of standard deviation (σ). For a given variable X,
Because SPEI is already standardized to the mean of the calibration period for a given site, SPEI was not standardized by Eq. 3.
The first model was based on recent evidence suggesting that plant communities across diverse biomes share an intrinsic sensitivity to water availability (Ponce-Campos et al. 2013) . In dry years, ecosystem water-use efficiency (WUE E ; above-ground net primary production/ evapotranspiration) converged to a common maximum cross-biome WUE E (Ponce-Campos et al. 2013) . During drought, ecosystems that are normally constrained by resources other than water (e.g., light, nutrients) can become water-limited (Jenerette et al. 2012) . Thus, we inferred that during the persistent 21st century drought in the Southwest, plant communities across biomes would behave as if they were water-limited. Using EVI max as a measure of vegetation productivity, we expect that across biomes, EVI max = f(P T ). Thus, using standardized values for cross-site comparison, we proposed that (4) where b 0 and b 1 are empirically derived coefficients specific to this equation, P TS is standardized total annual precipitation, and the subscript y represents the current year. Sala et al. (2012) suggested that in grasslands, legacies of wet and dry years influenced annual vegetation productivity. They proposed that current-year ANPP was based on both currentyear P T and ANPP in the previous year. Experimental manipulations provided support for legacy effects in grasslands (Reichmann et al. 2013) , and in a Chihuahuan Desert shrubland, legacy effects in underlying grasses were found after several consecutive wet years (Peters et al. 2014) . Using EVI max as a measure of vegetation productivity, we expect that in grasslands, EVI max (y) = f (P T(y) , EVI max (y−1) ), where EVI max (y−1) is the previous-year's EVI max . This led to the second model for this study, where
where b 0 , b 1 , and b 2 are empirically derived coefficients specific to this equation, P TS is standardized total annual precipitation, and the subscript y represents the current year.
Southwest forest growth depends on snowmelt from winter precipitation (Kerhoulas et al. 2013) , which replenishes soil water in the spring. In the spring and summer, high evaporative demand associated with warm temperatures causes stomatal closure in trees, which if prolonged, can lead to carbon starvation and mortality (Adams et al. 2009 ). Williams et al. (2013) determined an index of forest drought stress (FDSI) that was based on warm-season VPD and cool-season (November through March) precipitation. Warm-season VPD was defined as the average of VPD from August-October of the previous year and May-July of the current year.
An equivalent relation specific to this study was derived by using EVI max as a proxy for forest production and maximum temperature (T max ) in place of VPD. VPD is largely determined by temperature in the Southwest (Weiss et al. 2009 ), and T max was found to predict nearly the same variation in the FDSI as VPD . Adapting this equation, we expected that in forests, EVI max = f(P cool , T max warm ), where P cool is the average of precipitation from November through December of the previous year and January through March of the current year, and T max warm is the mean daily maximum temperature from August-October of the previous year and May-July of the current year. The third model used in this study was
where b 0 , b 1 , and b 2 are empirically derived coefficients specific to this equation.
The effect of temperature on production in the Southwest is not fully understood. Increased temperatures combined with reduced precipitation exacerbate the effects of drought in the Southwest (Breshears et al. 2013) , and if prolonged, can cause mortality events and alter ecosystem function (Breshears et al. 2005 ). Plants do not experience precipitation and temperature separately, so it is reasonable to expect that the combined effect of these climate drivers will affect vegetation production. Additionally, seasonal temperature and precipitation are likely to influence vegetation production in addition to annual precipitation. For example, Southwest forests are dependent on winter precipitation, but many Southwest grasslands and shrublands are dependent on the heavy rains brought by the North American Monsoon in late summer. We expect that SPEI will predict interannual variation in EVI max for two reasons: first, because it accounts for the combined effect of temperature and precipitation on production, and second, because it allows us to pinpoint the dominant timescale that influences vegetation production for each biome. We expect that across biomes, EVI max = f(SPEIn m ), where SPEI is calculated in month m at a n-month timescale and n is the dominant timescale (in months) that influences vegetation production. The dominant timescale (n) was determined as the SPEI timescale that
was most highly correlated with EVIs max (y) for each biome. The fourth model is a simple linear relation, where
where b 0 and b 1 are empirically derived coefficients specific to this equation.
Statistics
Sites were grouped by biome as described in Table 1 . We fit all models (Eqs. 4-7) for the two combined forest sites, three combined shrubland sites, and two combined grassland sites. The best model was selected based on Akaike's Information Criterion adjusted for small sample sizes (AIC c ) and the coefficient of determination (r 2 ) (Burnham and Anderson 2002 ). An additional parameter was only included in the model if its addition reduced the AIC c by 2 or more (Burnham and Anderson 2002) . The SPEI, because it is calculated from PET and precipitation, was considered to have two parameters for AIC analysis. If two models had the same number of parameters, the model with the lowest AIC c was selected.
Statistical analyses were performed in R version 3.0.2 (R Core Team 2013). Regression analyses were performed using the base linear modeling functions (R Core Team 2013), and break point analyses were performed using the "segmented" package (Mueggo 2008) . AIC c values were calculated using the "AIC cmodavg " package in R (Mazerolle 2013) .
results
Early 21st century drought
To determine if the study sites experienced altered hydroclimatic conditions associated with the 21st century drought, we compared historic SPEI (1950 SPEI ( -1999 values (2000-2013) . Based on the annual SPEI values provided by the Global Drought Monitor, all sites experienced drought during the study period (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (Fig. 3) . All sites experienced at least 2 yr of extreme drought, and US-Srm had extreme or moderate drought for 10 yr of the 13-yr study period. Annual SPEI during the early 21st century (2000-2013) was significantly lower than SPEI from 1950 to 1999 (P < 0.05) at all sites except for US-Seg and US-Ses in New Mexico, where there was no significant difference between the two time periods (Table 2) . Here, SPEI calculated from the Global Drought Monitor was used to provide historic context to our study. In all subsequent mentions of SPEI, values were calculated from 1-km Daymet data.
Using SPEI calculated from Daymet data at 1-km resolution from 1980 to 2013, we confirmed that all study sites experienced prolonged drought and increased temperatures associated with altered hydroclimatic conditions in the early 21st century (Table 3 ). All sites experienced prolonged dry conditions (SPEI < 0) in the early 21st century ranging from 5 to 8 yr, whereas dry conditions in the late 20th century lasted only 1-3 yr. The difference between average temperature from 1980 to 1999 and from 2000 to 2013 (ΔT) was positive (i.e., increased temperatures during the early 21st century) in both the warm season (April-September) and the cool season (October-March). The magnitude of ΔT was larger in the warm season than in the cool season; warm-season temperature during the 21st century increased by 1.25°, 0.74°, and 0.66°C in forests, shrublands, and grasslands, respectively (Table 3) .
Dynamic timescale of SPEI
Rather than report model results for all SPEI timescales calculated at July, August, and September (48 models), we report only the dominant SPEI timescale for each biome defined by the highest correlation with EVIs max . The dynamic timescale of SPEI, however, provides important information about the dominant timescales at which drought has the strongest influence on vegetation production (Fig. 4) . In forests, the correlation between SPEI and EVIs max was highest for SPEI9 Sep , the 9-month SPEI calculated in September (i.e., January-September) (Fig. 4a) . The correlation for shrubland was highest for SPEI2 Aug , the 2-month SPEI calculated in August (i.e., JulyAugust) (Fig. 4b) , and for grassland, the correlation was highest for SPEI3 Sep, the 3-month SPEI calculated in September (July-September) (Fig. 4c) .
The definition of timescales at which drought has the strongest influence on vegetation production inspired a revisit of the drought conditions at our sites during the early 21st century (Table 4 ). The number of drought years (SPEI < −0.5) at the dominant timescale for each site was compared to the number of drought years at the annual timescale. The SPEI in the early 21st century (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) at the dominant timescale for forest sites (SPEI9 Sep ) indi- cated that there were more drought years than defined by annual SPEI at all three forest sites. When the dominant timescale was considered, US-Fuf, US-Vcm, and US-Vcp had 1, 2, and 2 more years of drought, respectively. In shrublands, consideration of the dominant timescale (SPEI2 Aug ) indicated fewer years of drought than did annual SPEI (Table 4 ). There were 3, 2, and 2 fewer drought years as defined by the dominant timescale for US-Srm, US-Ses, and USWhs, respectively. In grasslands, the number of drought years indicated by SPEI at the dominant timescale (SPEI3 Sep ) was similar to the number of drought years indicated by annual SPEI ( Table 4) . Considering the dominant timescale indicated one less drought year for both US-Wkg and US-Seg compared to annual SPEI (Table 4) . Overall, considering the annual SPEI rather than SPEI at the dominant timescale underestimates the number of drought years in forests and overestimates the number of drought years in shrublands. These sub-annual calculations of SPEI are more indicative of the climate conditions that influence vegetation production in Southwest ecosystems than annual SPEI.
Modeling results
The SPEI calculated in month m at an nmonth timescale is described here as SPEIn m , where SPEI calculated in September at a 9-month timescale is referred to as SPEI9 Sep . Similarly, standardized precipitation and maximum temperature over the dominant timescale are described as Pn mS and T max nms where, for example, standardized precipitation averaged over at a 9-month timescale from January to September is referred to as P9 SepS. For Southwest forests, the model based on SPEI calculated in September at a 9-month timescale (SPEI9 Sep ) was selected (AIC c = 51.4), where explained 45% of the variance in EVIs max (y) with a root mean squared error (RMSE) = 0.572 for the residuals of modeled vs. measured EVIs max S (Fig. 5a) .
For Southwest shrublands, the most parsimonious model (AIC c = 93.3) was based on SPEI calculated in August at a 2-month timescale (SPEI2 Aug, representing the cumulative water balance from July to August) ( Table 5 ). The selected model, (9) EVI max S(y) = 0.668(SPEI2 Aug ) Fig. 4 . The dynamic timescale of ecosystem response to combined precipitation and temperature (SPEI) for forests (a), shrublands (b), and grasslands (c). Points represent the correlation coefficient r between EVI max and SPEI ranging from 1 to 12 months, calculated back from July, August, and September. Notes: The number of years of drought (SPEI < −0.5) as determined by SPEI at the annual timescale (October-September) is compared to the number of drought years for the dominant timescale. The difference between the number of drought years using SPEI at the dominant timescale and annual SPEI is also represented. Positive values of "ΔDrought Years" indicates there were more drought years defined by the dominant timescale of SPEI than annual SPEI, and negative values indicate there were fewer drought years defined by the dominant timescale.
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explained 45% of the variance in EVIs max (y) and the residuals of modeled vs. measured values of EVI max S resulted in an RMSE = 0.712 (Fig. 5b) .
For Southwest grasslands, the model with best results was based on SPEI calculated in September at a 4-month timescale (SPEI3 Sep representing the cumulative water balance from July to September) (AIC c = 61.3) ( Table 5 ). The other three models were much less parsimonious, and were not selected. The selected model, (10) explained 54% of the variance in EVI S max and the residuals of modeled vs. measured values of EVI max S resulted in an RMSE = 0.650 (Fig. 5c) . Notably, the previous-year's EVI max was not a significant predictor of the current year's EVI max in grasslands, shrublands or forests.
In summary, all three selected models were based on SPEI, which accounts for both precipitation and temperature at the dominant timescale for each biome. The ability of the SPEI to explain interannual variation in EVI max S could indicate: (1) the effect of temperature on the water balance (as reflected by SPEI) explains variation in EVI max S beyond the simple combination of precipitation and temperature; or (2) SPEI, because it accounts for the effects of sub-annual climate dynamics on production, identifies the critical time period during which climate dynamics influence interannual variation in EVI max . To identify whether variation in EVI max S was primarily explained by (1) SPEI itself or (2) the dominant timescale as identified by the SPEI, we tested the SPEI model against precipitation and temperature over the timescale of the most parsimonious SPEI model. In forests, the model based on precipitation in January through September (P9 Sep ) was more parsimonious than the model based on either SPEI9 Sep or P9 Sep combined with T max9 Sep (ΔAIC c = −1.3 and 0.2; Table 6 ). Similarly, in shrublands the most parsimonious model was based solely on precipitation; precipitation in July and August (P2 Aug ) was a better model than SPEI2 Aug or P2 Aug combined with T max2 Aug ( ΔAIC c = 5.4 and 2.5; Table 6 ). In grasslands, P3 Sep combined with T max3 Sep was the more parsimonious than P3 Sep alone or SPEI3 Sep (ΔAIC c = 5.4 and 1.3; Table 6 ). Overall, differences in explanatory power of models based on SPEI, precipitation, and combined precipitation and temperature were small within the dominant timescale for each biome. These results suggest that climate dynamics within the dominant timescale, rather than the SPEI, predominantly explained interannual variation in EVI max S .
EVI max S(y)
= 0.660(SPEI3 Sep ) Fig. 5 . Relation between measured and modeled standardized maximum Enhanced Vegetation Index (EVI) (EVI max S ) and the most parsimonious model for each biome. (a) Forest model based on Eq. 8 (SPEI9 Sep ) based on two forest sites (US-Vcm, US-Vcp), (b) Shrubland model based on Eq. 9 (SPEI2 Aug ) based on 3 shrubland sites (US-Ses, US-Srm, US-Whs), and (c) Grassland model based on Eq. 10 (SPEI3 Sep ) based on 2 grassland sites (USSeg, US-Wkg). RMSE is the root mean squared error of the difference between measured and modeled EVI max .
Discerning mechanisms
Of the models based on Eqs. 4-7, the most parsimonious models for forest, shrublands and grasslands were all based on sub-annual SPEI. However, further examination of the effect of precipitation, temperature, and SPEI on EVI max S (Table 6) suggested that climate dynamics within the dominant timescale, rather than SPEI, were the key drivers of interannual variation in vegetation production. Therefore, our efforts to discern the mechanisms, defined in our introduction as the underlying causes of ecosystem functional responses, were focused on disentangling the effects of precipitation and temperature during the dominant timescale for each biome as defined by SPEI analysis (see Table 5 ), recognizing that plant physiology and biogeochemical interactions further underlie these relationships. In forests, the dominant timescale was January through September, in shrublands the dominant timescale was July and August; and in grasslands, the dominant Table 5 . Comparison of models predicting current year peak EVI (EVI max S(y) ) as a function of current year precipitation (P TS(y) ), previous year peak EVI (EVI max S(y−1) ), and SPEI at the three timescales with the maximum correlation with EVI max S (see . Selected models are shown in boldface. timescale was July through September. We also explored the effect of atmospheric demand (VPD) on production.
In forests, the relative importance of precipitation and temperature shifted throughout the dominant timescale (January-September) (Fig. 6a) . In the latter half of the cool season (January-April), both precipitation and daily T max were strongly correlated with standardized maximum GEP (GEP max S ) (r = 0.89 and r = −0.93, respectively). Soil moisture recharge in Southwest forests generally depends on winter precipitation (Swetnam and Betancourt 1998) . Warm temperatures in early spring lead to earlier snowmelt and an earlier onset of the growing season (Barnett et al. 2005) . In the warm season (May-September), daily T max was negatively correlated with GEP max S (r = −0.64), and precipitation had little effect (r = 0.26). Additionally, both cool season and warm season VPD was negatively related to GEP max S (r = −0.88 and r = −0.97, respectively). On the basis of Williams et al. (2013) , we evaluated the relationship between daily maximum temperature and daily production in May, June, and July and found a break point in mean daily T max for the forest site, US-Fuf (Fig. 7) . At temperatures below 17°C, daily GEP was positively related to temperature, but at temperatures above 17°C, daily maximum temperature was negatively related to GEP. The two separate linear regressions with this breakpoint explained 43% of the variance in daily GEP in May, June and July. Overall, these results support the importance of cool-season precipitation and warm-season temperature and VPD on Southwest forest productivity.
In shrublands, EVI max was most strongly linked with the 2-month SPEI in July and August. This time period coincided with the strong monsoon rains in these ecosystems. At US-Whs, the correlation between July/August precipitation and GEP max S was stronger than the correlation between T max and GEP max S (r = 0.93, and r = −0.70, respectively) (Fig. 6b) . Correlations between climate drivers and GEP max S during the rest of the year were weaker. The correlation of VPD in July and August on GEP max S was strong (r = −0.87), but VPD throughout the rest of the year had little effect on GEP max S . At US-Srm, the correlation between July/August T max and GEP max S was stronger than the correlation between precipitation and GEP max S (r = 0.67 and r = −0.78, respectively).
Temperature and precipitation throughout the rest of the year had little correlation with GEP max S (Fig. 6c) . VPD in July and August had a strong negative correlation on GEP max S (r = −0.78), but there was little relationship between VPD in other months and GEP max S .
During the dominant timescale (July-September) at Kendall Grassland (US-Wkg), the correlation between precipitation and GEP max S was strong in both July/August and September/October (r = 0.68 and r = 0.69, respectively). The influence of T max and VPD on GEP max S was strongest in July and August (r = −0.50 and r = −0.67, respectively), and weak in September/ October (Fig. 6d) . Exploration of the effect of VPD on daily GEP by month revealed a nonlinear but negative relationship between VPD and GEP, where GEP was very low or zero at high VPD, however, July was the only month where VPD regularly exceeded 3kPA (Fig. 8) . Daily GEP was negatively influenced by VPD, but the strength of the negative effect was strongest in July, early in the growing season. In 2006, US-Wkg experienced a drought-induced vegetation transition from native grasses, to a flush of forbs, to eventual establishment of invasive grasses in 2007 and beyond . Although the vegetation transition is a potential confounding factor, the site was dominated by grasses in every year in the study period except 2006. To preserve temporal continuity, 2006 was included in the analysis.
The effects of the 21st-century drought on biomes across the U.S. Southwest
In studies of Southwest plant communities during the 21st century drought, research has predominantly focused on the effects of reduced precipitation on growth. Our work shows that there are critical sub-annual climate periods during which precipitation and temperature interact to influence vegetation production across biomes. This indicates that the interaction between precipitation and temperature impacts plant communities across biomes in the Southwest. Our results underscore the need to integrate the effect of temperature on the water balance in models of interannual production, even in ecosystems commonly thought to be largely influenced by precipitation, such as grasslands. In addition, our results underscore v www.esajournals.org BARNES ET AL. Fig. 6 . The correlation coefficient r between daily climate variables (P, T max , and VPD, vapor pressure deficit) and standardized maximum gross ecosystem production (GEP) (GEP max S ) integrated over various time intervals in forests (a), shrublands (b and c), and grasslands (d). Forests had a longer dominant timescale and thus longer integration intervals were used in forest analyses (a). Points represent the correlation coefficient r between climate drivers (precipitation and T max ) and GEP max S . Bars represent the correlation coefficient between VPD and GEP max S . v www.esajournals.org BARNES ET AL.
the importance of the intra-annual dynamics of climate drivers. Peak production was related to sub-annual SPEI in forests, shrublands, and grasslands, suggesting that intra-annual climate dynamics, rather than annual conditions, influence growth. Furthermore, our results indicate that ecosystem phenology is an important factor in assessing the impact of drought on productivity. A revisit of drought conditions at the dominant timescale indicated that Southwest forests have suffered more severe drought than shrublands or grasslands, which may further explain the decline of Southwest forests during the 21st century drought . Overall, an improved understanding of interannual variability in production across biomes was provided by the inclusion of the effect of temperature on the water balance and the consideration of the dominant timescale.
Understanding the empirical relationships underlying these ecosystem functional responses provided further insight into the sub-annual climate dynamics. We focused here on inter-and intra-annual changes in GEP and ecosystem phenology as ecological mechanisms. Site-level GEP correlations with climate drivers indicated that forest production was driven by cool season precipitation but constrained by high warm season temperatures. In shrublands and grasslands, production was driven by summer precipitation and constrained by high warm season temperatures. Grasslands and shrublands operated at similar dominant timescales, though the timescale for grasslands was slightly longer than that of shrublands (3 months vs. 2 months). Compared to other biomes, grasslands respond quickly to even small precipitation events through rapid carbon upregulation and regrowth ). This quick response may allow them to be more responsive to late growing season precipitation, thus explaining the longer time scale. Grassland and shrubland production were both constrained by high VPD and temperature. However they differed subtly: in grasslands, the negative effect of high VPD and temperature was strongest early in the growing season in July, while in shrublands, the negative effect of high VPD and temperature was strong throughout the dominant timescale (July-August). Small increases in temperature have an exponential effect on VPD, which is reflected in the strong negative correlation between VPD and GEP max S throughout the dominant timescale for all biomes.
The use of satellite observations of vegetation greenness to approximate ANPP has been a common practice over the past 30 yr (e.g., Goward et al. 1985 . The theoretical basis for this link is based on the direct relationship between the interaction of solar radiation with the plant canopy and vegetation production (Huete et al. 2015) . Many studies use vegetation indices as surrogates for ANPP (e.g., PonceCampos et al. 2013 , Zhang et al. 2013 , Moran et al. 2014 . In situ measurements of ANPP result in uncertainties due to inconsistent sampling procedures across and within sites (Sala et al. 1988 ) and variability in the timing of peak greenness (Huete et al. 2015) . Satellite measurements can provide greater temporal stability and less spatial uncertainty than plot-scale ANPP measurements in cross-site, long-term studies (Moran et al. 2014 ). Although we do not claim EVI max is a surrogate for ANPP, the importance of subannual climate dynamics likely extends to ANPP.
The mechanisms controlling plant-water relations exert strong controls on the feedback between vegetation and climate via the carbon, water, and energy balance of the ecosystem.
The projected future terrestrial carbon sink varies considerably depending on which land surface model makes the projection (Friedlingstein et al. 2014 ) and an assessment of eight models from the coupled model intercomparison project (CMIP5) indicates that model differences in the carbon uptake response to temperature, precipitation, and soil moisture are an important part of this variation (Shao et al. 2013) . The empirical relationships evident from this study (Tables 5 and 6) indicate that the effects of temperature and moisture on carbon gain in arid ecosystems are not easily separated. However they provide an opportunity to evaluate different models, as different hypothesized relationships between the carbon and hydrological cycles. In carrying out these evaluations we recommend that carbon water relationships at sub-annual timescales should be explored. Insofar as EVI can be used as a proximate ecosystem response variable, the availability of soil moisture estimates from NASA's Soil Moisture Active Passive (SMAP) allows our findings to be explored for some ecosystems across large geographic areas more suited to comparison with land surface models.
Overall, this study identified the existence of critical climatic timescales that influence productivity across biomes. Within these dominant timescales, consideration of the effects of temperature in addition to precipitation allowed us to improve predictions of plant functional responses to climate. Predicted higher temperatures in the Southwest will increase evaporative demand (Breshears et al. 2013 ) and drought severity (Cayan et al. 2010) . Our results suggest that the co-occurrence of drought and high temperatures during critical sub-annual periods could reduce annual production, regardless of climate conditions throughout the rest of the year.
concludIng reMarks
This work has uncovered convergences in the timing and relative importance of climate drivers of productivity across the forest-to-grassland continuum in the southwest United States. Interpretation of model results with flux data underscores the importance of investigating climate drivers at multiple temporal scales. Examination of daily GEP yielded important insights into the effects of temperature on production underlying the annual model results. The coupled approach (remotely sensed observations and in situ flux measurements) has the potential to generalize the functional responses of vegetation to predicted future climate conditions. acknowledgMents
